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Consumers face numerous risks that can be minimized by incorporating different life-history
strategies. How much and when a consumer adds to its energetic reserves or invests in reproduction
are key behavioral and physiological adaptations that structure much of how organisms interact.
Here we develop a theoretical framework that explicitly accounts for stochastic fluctuations
of an individual consumer’s energetic reserves while foraging and reproducing on a landscape
with resources that range from uniformly distributed to highly clustered. First, we show that
optimal life-history strategies vary in response to changes in the mean productivity of the resource
landscape, where depleted environments promote reproduction at lower energetic states, greater
investment in each reproduction event, and smaller litter sizes. We then show that if resource
variance scales with body size due to landscape clustering, consumers that forage for clustered foods
are susceptible to strong Allee effects, increasing extinction risk. Finally, we show that the proposed
relationship between consumer body size, resource clustering, and Allee effect-induced population
instability offers key ecological insights into the evolution of large-bodied grazing herbivores from
small-bodied browsing ancestors.
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Significance Consumer species assume diverse
life history and foraging strategies in part to
mitigate the risks imparted by spatially variable
resources. By deriving a mechanistic model of
energy allocation, we show how fitness optimizing
strategies are tied to resource variability, and that
population stability depends on the scaling of
resource variability with consumer body size and
diet. These relationships offer insight into the
evolutionary trend towards larger body size known
as Cope’s rule, and the mammalian transition
from browsing to grazing following the advent of
grasslands in the mid-late Miocene.
The landscape of risk faced by consumers is determined
not only by the mean density of potential foods but their
variability over both space and time [1]. Consumer be-
havioral and life history strategies are selected for or
against over evolutionary time in part to manage these
risks [2]. At a coarse scale, these strategies involve how
and when energy is saved either endogenously or exoge-
nously [3], and when it is spent. For many species, the
most substantial metabolic rate expenditures are those
incurred during reproduction [4], and this is particularly
true for endotherms, which on average spend more en-
ergy per offspring than non-endothermic organisms [5].
Both the availability and variability of resources interact
directly with the physiological and metabolic constraints
of the consumer to give rise to the remarkable diversity
of foraging and life history strategies observed in nature
[4, 6–11].
A consumer must enact a fitness-maximizing strategy
that differentially allocates energy to somatic growth,
maintenance, and reproduction under the constraints im-
posed by the spatial distribution of available resources [4].
How the energy gathered from resources must be invested
into alternative pathways to serve different functions is
often referred to as the Y tradeoff [12]. Theoretical inves-
tigations of life history strategies are generally explored
using optimization models, where different combinations
of energetic or risk trade-offs are used to examine the in-
fluence of a trait, or set of traits, on some measure of fit-
ness [2, 13]. Moreover, optimal life history strategies are
often estimated assuming deterministic metabolic and
growth rates [14], however growth rates are known to be
flexible depending on the availability of resources and the
age-structure of mortality [15]. Because the variability in
resource acquisition alters both individual growth rates
and mortality due to starvation, it should – by extension
– influence the selection of alternative life histories.
Resource variability scales differently with consumer
size and diet, meaning a single landscape can impart a
wide diversity of experiences and challenges to different
organisms [9]. For instance, a savanna is a vast forest to
the common African rat (Mastomys natalensis), where
grass seeds that comprise a large portion of its diet are
unevenly dispersed in discrete units across a single patch
that might represent a sizable fraction of its home-range
[16]. To larger herbivores such as impala (Aepyceros
melampus), grasses are resources that are more or less ho-
mogeneously distributed across discrete patches [17], and
to megafauna such as wildebeest (Connochaetes spp.),
such foods appear even more uniform over space. Within
the same landscape, the clustering of fruits such as wild
cucumber or figs may not change drastically with increas-
ing frugivore body size (cf. Ref. 18), meaning that the
foraging challenges facing these consumers may be simi-
lar, regardless of size.
As with frugivores, carnivores also specialize on re-
sources that are concentrated in nutritionally rich but
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2spatially distributed units, however because prey size
scales strongly with consumer size, so does its density
across the landscape [19]. For example, small-bodied
carnivores such as serval (Leptailurus serval) face a rel-
atively uniform resource landscape (primarily rodents)
compared to leopards (Panthera pardus) that face a land-
scape where resources (larger herbivores) are more clus-
tered. Overall, the greatest amount of resource clustering
could be experienced by either the smallest or largest con-
sumers, depending on the resource type and the variabil-
ity in distances between resources across the landscape.
The variability of risks and rewards has large effects on
the expected optimality of life history strategies [20], as
well as implications for population dynamics [21]. While
the uncertainty associated with foraging payoffs is clearly
important, it is the mean effect in lieu of variability that
is generally considered when exploring the constraints
giving rise to alternative life histories. Mean-field mod-
els of resource consumption based on average interaction
rates [3, 4, 23, 24], and the explicit incorporation of re-
source distributions across fractal landscapes [2], have
been used to explore the population-level effects of scal-
ing home range size and/or population density with body
size. Even the dimensionality of resource landscapes can
have a significant effect on consumer acquisition and con-
sumption rates, and important consequences for popula-
tion dynamics [26]. In contrast, the influence of resource
variance in determining optimal life histories, and the
population-level consequences of these strategies, has re-
ceived relatively little attention.
Here we explore the effects of both resource availability
and variability on the optimality of life history strategies
with a mechanistic model of energy allocation. Using
stochastic process theory [27], we model the dynamics
of an individual consumer’s energetic state over time as
a function of mean energetic gains, the variance of those
gains, metabolic losses, and reproductive investment. We
examine the energetic dynamics of an individual con-
sumer based on well-established constraints of foraging
and reproduction among terrestrial mammals, provide
predictions on a suite of life history characteristics, and
then extend our methodology to explore population-level
implications.
Our results offer four fundamental insights into the ef-
fects of resource availability and variability in driving the
evolution of optimal life history strategies. First, we show
that optimal strategies vary in response to changes in the
mean productivity of the resource landscape, where de-
pleted environments promote reproduction at lower en-
ergetic states, a greater investment in each reproduction
event, and smaller litter sizes. Second, we show that in-
cluding resource variability allows for predictions of life-
history strategies with optimal population sizes deviating
from the negative 3/4-power scaling of Damuth’s law [28].
Third, we show that by integrating different scalings of
resource variability with consumer body size, population
densities of species that forage for more clustered foods,
such as frugivores or carnivores, are more sensitive to
increasing resource variability than those that consume
more homogenously distributed foods such as grazers. A
key result of our analysis reveals that consumers special-
izing on resources that are clustered are prone to strong
Allee effects, which increases extinction risks. Finally, we
show that the proposed relationship between consumer
body size, resource clustering, and the population insta-
bilities arising from these Allee effects, provides an eco-
logical mechanism for the evolution of large-bodied graz-
ing herbivores from small-bodied browsing ancestors, a
well-documented transition in mammalian evolution fol-
lowing the advent of grasslands in the mid-late Miocene.
Predicting optimal life history strategies
We model the dynamics of an individual consumer’s
energetic state over time as a function of energetic gains
from acquiring resources, and costs from metabolic losses
and reproductive investment. For simplicity, the con-
sumer’s energetic state is described by a single state vari-
able [29], X = x, which measures the onboard energetic
stores available for both metabolic (ontogenetic growth
and maintenance) and reproductive expenditures (Fig.
1). Here and henceforth, we use uppercase notation for
stochastic variables and lowercase notation for specific
values of stochastic quantities. The consumer’s energetic
state increases by the amount of food it obtains in a day
G = g, which is stochastic and normally distributed with
mean µ and variance σ2. The consumer’s energetic state
decreases by a fixed daily metabolic cost associated with
somatic maintenance b, regardless of foraging success.
The organism dies of starvation when the state drops
to zero. Energetic investment in reproduction occurs at
the threshold X = s+ r, where r is the energetic cost of
reproduction and s is the minimal somatic reserves that
must be maintained during gestation. The consumer’s
post-reproductive energetic state is reduced to X = s,
and the amount spent on reproduction is equally parti-
tioned among ` offspring within the litter, with efficiency
. The specific values of the variables r, s, and ` thus
define the life history strategy of the organism.
We measure the fitness of the organism by the total
number of surviving offspring produced during its life-
time, W , which is the generational replacement rate and
can be converted to the specific growth rate using the
known time to reach reproductive age [4]. The values
of r, s, and ` impact fitness by adjusting the amount of
investment in and timing of, each reproductive event,
which in turn impacts the number and success of re-
productive events in a lifetime (Fig. 1). By accounting
for differential energetic allocation in reproductive ver-
sus somatic investments, we mechanistically incorporate
the trade-offs thought to play a central role in determin-
ing life history strategies. We note that our model does
not take into account external mortality such as preda-
tion, nor an intrinsic death rate, however these rates are
expected to be small compared with starvation-induced
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Figure 1: A schematic of the individual energetic dynamic
framework and 1) energetic investment in each reproductive
event, r, 2) energetic investment in somatic reserves, s, and
3) litter size, `.
mortality [4].
We first treat our framework as an unconstrained op-
timization problem, where the goal is to maximize the
number of surviving offspring across life history variables
r, s, and `. Fitness maximization of life history variables
is carried out with respect to four parameters: i) the av-
erage amount of food obtained per day µ, ii) the variance
of food obtained per day σ2, iii) the daily energetic cost
of metabolism b, and iv) the energetic transfer efficiency
from parent to offspring . The dependence of average
fitness, 〈W 〉 on the parameters and variables described
above, can be solved analytically (see SI Appendix A) to
give the expression
〈W 〉 =
`
(
1− e−2(µ−b)r/`σ2
)
e−2(µ−b)s/σ2 − e−2(µ−b)(s+r)/σ2 . (1)
The dependence of 〈W 〉 for the unconstrained model is
shown in Fig. 2A & 2C. Because the number of offspring
is stochastic, the population growth rate can be esti-
mated by 〈W 〉 − Var(W )/2 (Fig. 2B & 2D), which is
a first-order approximation of the geometric mean [30]
(see SI Appendix A for the expression for Var(W )). The
population growth rate thus depends on both the fitness
mean and variance, both of which depend on the avail-
ability and variability of resources to the consumer. We
observe that fitness variance plays an important role in
the qualitative results of our model: although mean fit-
ness may be high with respect to specific values of life
history variables r, s, or `, an associated high variance in
fitness serves to penalize the expected population growth
rate. This effect results in fitness optima at intermediate
values of life history variables that describe somatic and
reproductive investment strategies.
Calculation of the population growth rate reveals fit-
ness peaks that depend strongly on resource availability.
When the average rate of obtaining food is greater than
daily metabolic costs (i.e., µ > b), we observe that the
fitness-maximizing strategy is to i) decrease investment
in each reproductive event (low r), ii) increase the mini-
mal somatic reserves maintained post-reproduction (high
s), and iii) increase the litter size for each reproductive
event (high `) (Fig. 2A & 2B.). In words, when envi-
ronmental conditions are very rich, our model predicts
that the optimal life history approach skews towards an
‘r-selection’ strategy, where very little investment is par-
titioned among a large number of offspring (c.f. [31]).
Moreover, because these conditions also result in higher
post-reproduction somatic reserves s, iteroparity is ex-
pected to maximize fitness.
When the average rate of obtaining food is less than
daily metabolic costs (i.e., µ < b), the environment is
extremely poor, such that every day would be expected
to result in energetic losses. Although extreme, this con-
dition illustrates how the qualitative predictions of the
model depend on access to resources. Because every re-
productive opportunity may be the last in environments
where resources are scarce, our model predicts increased
reproductive investment (high r) in a minimal number
of offspring (low `) (Fig. 2C & 2D.). Poor environments
also result in a minimal post-reproductive somatic re-
serves s, meaning that all of an organism’s resources
are invested in a single reproductive event (semelparity).
Taken together these findings agree with previous obser-
vations that increased investment in each reproductive
event (higher r) is correlated with less investment in fu-
ture reproductive events (lower s) [32].
Our predictions overlap partially but not completely
with classic expectations of optimal life history strate-
gies in rich and poor environments [31, 33]. Resource-
limitation is expected to result in greater investment in
fewer offspring, which corresponds to our model predic-
tions of higher r and lower `. However we also predict
that poor environments may promote semelparity, which
goes against prior expectations. In our framework, which
exclusively considers resource availability and variabil-
ity, semelparity arises when the organism invests max-
imally in a single reproduction at the expense of post-
reproductive somatic reserves (low s), increasing the like-
lihood of subsequent starvation-induced mortality. Thus,
in extremely resource-limited environments, all effort is
directed towards the first reproductive event because the
likelihood of a second is so low.
Our unconstrained model also predicts fractional litter
sizes ` < 1 in resource-limited environments, meaning
that the optimal strategy is to invest in less than one
offspring per-capita. In such cases, multiple adults are
required to invest in a single offspring, a process mirror-
ing inclusive fitness among social organisms [34]. In fact,
there is some evidence to suggest that resource limita-
tion may promote the evolution of sociality [35]. While
our framework is minimal, it is tempting to speculate
that the dynamics explored here may contribute to the
evolutionary pressures selecting for such cooperative be-
haviors.
So far, we have ignored the feedback that must exist
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Figure 2: Qualitative plots of reproductive fitness with the various parameters of the optimization problem.
between individual reproductive fitness and the availabil-
ity of resources available to each consumer. As a high
rate of reproduction will lead to an increasing popula-
tion feeding on a finite resource, individual fitness is ex-
pected to decline. To understand this feedback and, con-
sequently, the evolutionary endpoints of alternative life-
history strategies, we need to ascertain the population-
level fitness of the consumer. We next expand our frame-
work to incorporate the effects of a self-limiting consumer
population feeding on finite resources and examine to
what extent resource availability and variability impacts
the size and stability of consumer populations.
Effects on population stability
A population is composed of multiple individuals that
must partition available resources. Because resource
availability in part determines fitness, individual fitness
is thus a function of population density. We now examine
how differences in the availability and variability of re-
sources impacts the steady-state population densities as a
function of different life history strategies determined by
r, s, and `. We first assume that the mean and variance
of resources, µ and σ respectively, are equally partitioned
among n members of a population as
µind = µ/n , σ
2
ind = σ
2/nζ , (2)
where resource variance follows a Taylor’s power law re-
lationship [36]. As such, ζ determines how the resource
variance experienced by an individual consumer scales
with the size of the population, and this will depend on
both the consumer’s resource distribution as well as the
area over which it forages.
While resources are partitioned equally, the variance
of subdivided resources depends on its spatial distribu-
tion. At one extreme, resources that are more uniformly
distributed (e.g. grasses), are represented by ζ = 1 (left-
most panel of Fig. 3). For ζ > 1, there exists a spatial cor-
relation in the resource distribution with explicit cluster-
ing at different spatial scales (center and right panels of
fig. 3). This correlation serves to magnify variance as the
ζ=2ζ=1
CV (σ/μ) CV (σ/μ)
1 < ζ < 2
Figure 3: A visual representation of resources with different
variance-scaling exponent, ζ. At ζ = 1, resource distribution
is homogeneous (left-most panels), i.e., larger consumers face
less spatial stochasticity (smaller CV) compared to smaller
consumers. Whereas at ζ = 2, resource distribution is highly
clustered (right-most panels). This could be due to spatial
distribution of food, or due to size of individual units being
proportionally larger for a larger consumer
spatial scale increases, thus representing resources that
are of intermediate clustering (e.g. fruit or small prey)
to those that are highly clustered (large prey). The effect
of extreme values of ζ = 1 and ζ = 2 on the coefficient of
variation (CV) of resources across different spatial scales
is shown in Fig. 3. While the meaning of ζ is layered, we
show that it can be estimated empirically by the spatial
distribution of resources (see Materials & Methods and
SI Appendix B). We also show that ζ can be connected to
previous explorations of home-range scaling and the frac-
tal dimension of resource landscapes. Preliminary analy-
ses suggest that ζ appears to be distinct across different
consumer groups, and constant across body sizes within
consumer groups (SI Appendix C).
Incorporating the above assumptions, we obtain an im-
plicit formula to calculate the steady state population
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Figure 4: Steady-state population densities as a function of
species size for a fixed resource density (µ), across various val-
ues of standard deviation (σ), (Top) for ζ = 1 and (Bottom)
for ζ = 2. The dashed lines in the bottom panel show the
unstable critical point n◦
density n∗, given by
W
(
µ
n∗
,
σ2
n∗ζ
∣∣∣∣∣r, s, `, b
)
= 1. (3)
The availability and variability of resources directly in-
fluence the profitability of different life history strate-
gies, and ultimately determines the population density
required for replacement (Eq. 3). In order to gain in-
sight into the influence of resource distributions on the
expected population steady states for mammals, we as-
sume known allometric scaling relationships for the life
history parameters r, s, and `, as well as metabolic cost
b [37–39]. We then numerically solve Eq. 3 to obtain
the steady state population densities n∗ as a function of
mass m and the resource parameters µ, σ and ζ.
Consumers of different body sizes feeding from differ-
ent parts of the food web operate under the constraints
of different resource distributions. It is the frequency and
variability with which they encounter their foods that –
in part – structures the landscape of risk they experience.
From Eq. 3, we can now directly assess the fitness trade-
offs associated with alternative consumer foraging strate-
gies, from grazing on homogenously distributed foods, to
browsing or predating on clustered foods.
We observe that there is one stable population steady
Table I: Parameter definitions used for the general model and
allometric scaling relationships used for parameterizing mam-
malian populations
Definition Parameter Unit
Variance scaling ζ
Energetic gain mean µ kJ m−2 day−1 [40]
Energetic gain variance σ2 kJ2 m−2ζday−1
Metabolic scaling b = 5m3/4 kJ [37]
Fat energy stores scaling s = 0.6m1.19 kJ [38]
Reproductive scaling r = 20m0.82 kJ [39]
Litter size scaling ` = 5.71m−0.10 [39]
state n∗ for ζ = 1, and both a stable and an unstable
steady state for ζ > 1 (n∗ and n◦, respectively). When
the resource standard deviation σ is much smaller than
the mean µ, the steady state population densities follow
the −3/4-power scaling predicted by Damuth’s law [28],
given that n∗ = µ/b0m3/4 for all values of ζ (Fig. 4A). As
variance increases, n∗ is diminished, and this reduction
disproportionately affects consumers of smaller body size
(Fig. 4A). When resource acquisition is more variable, the
populations of larger-bodied consumers better absorb the
negative effects of variable foraging success, whereas the
populations of smaller-bodied consumers cannot. This
finding agrees with expectations from the fasting en-
durance hypothesis [41] and recent perspectives on the
fitness benefits associated with the evolution of larger
body size [4].
When resources are uniform (ζ = 1), a consumer pop-
ulation decline will ensure that more resources are avail-
able to the existing members of the population, increas-
ing the growth rate and allowing the population to re-
cover to the stable state. When resources are clustered
(ζ > 1) we observe the appearance of a strong Allee effect
where there exists a critical consumer population density
n◦ below which growth rates are negative and population
collapse is inevitable (Fig. 4B). The solution where the
stable and unstable fixed points intersect across m, given
by n∗(mmin) = n◦(mmin), defines the smallest consumer
mass, mmin, that can sustain a population in the resource
environment provided by µ and σ.
Consumers specializing on clustered resources (ζ > 1),
will have more resources available to each individual on
average (because n∗ is lower), but fluctuations in the pop-
ulation will also be larger. Unlike in the case of ζ = 1,
when ζ > 1 both positive and negative fluctuations can
decrease the growth rate to a value below unity. When
the growth rate of the population falls below one and the
population density is below n∗, the population moves be-
low the unstable steady state n◦, resulting in collapse.
These findings reveal that increased variability in re-
source acquisition is expected to disproportionately af-
fect smaller-bodied consumers that feed on clustered re-
sources. This suggests that if a consumer is smaller-
bodied, specialization on foods that are spatially clus-
tered carries with it larger demographic risks, whereas
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Figure 5: Population stability index (ratio of critical pop-
ulation density to stable population density) as a function
of mass of the consumer and resource clustering, ζ for rep-
resentative values of µ = 20 kJ m−2 day−1 and σ2 =
2500 kJ2 m−2ζday−1 [40]. Hypothetical evolution trajecto-
ries to escape population instability are shown by the black
arrow. Horse size and diet evolution is shown by the grey dots
[42].
targeting more evenly distributed resources may provide
certain selective advantages. For small mammals such
as rodents, these risks may be expected to promote the
evolution of behaviors such as caching. Because most re-
sources, including seeds, tend to be clustered at smaller
spatial scales [43], caching effectively reduces the tem-
poral variability of resource acquisition [44]. Consump-
tion of spatially clustered foods that cannot be cached is
generally carried out by larger consumers: for example,
terrestrial frugivores tend to be larger-bodied [45], unless
they are also capable of flight. Because flight effectively
increases a consumer’s home-range [46], our framework
predicts an increased tolerance among such consumers
for spatially clustered foods, such as those fruits con-
sumed by avian frugivores [47, 48]. Similarly, small car-
nivores generally specialize on smaller, more evenly dis-
tributed prey, whereas larger carnivores concentrate ef-
fort on larger, spatially clustered prey [49].
The adaptive benefits of grazing
The viability of a population requires that the stable
steady state is sufficiently far from the unstable steady
state, or critical population density, such that fluctua-
tions will not result in collapse. The ratio of the sta-
ble population density to the critical population density
(population stability index, PSI = n∗/n◦) defines the sta-
bility of the population, where large values indicate that
the steady state is far from the critical state, promot-
ing stability (Fig. 5). The changes in PSI as a function
of consumer mass and resource clustering can be inter-
preted as a fitness surface for consumers of different sizes
foraging on resources with different spatial distributions
(color gradient in Fig. 5).
Overall, we find that consumer populations foraging on
homogeneous resources (low ζ) have a higher PSI than
those foraging on clustered resources (high ζ), and that
populations of larger-bodied consumers have greater tol-
erance for resources that are increasingly clustered. If
we examine this fitness surface across each dimension (m
and ζ), we observe two directional effects: i) for a con-
sumer foraging on a resource with a given spatial clus-
tering, an increase in body mass increases PSI; ii) for a
consumer of a given body mass, foraging on a resource
with lower spatial clustering increases PSI. Combined,
these effects point to a selection gradient favoring larger-
bodied consumers specializing on resources that are more
homogeneously distributed.
The results of our population-level analysis suggest
that differences in population stability could contribute
to the selective pressures that shaped the evolution of
grazing. To test this hypothesis, we examine whether
the evolution of Equidae in North America may have
followed a trajectory in line with the adaptive advan-
tages predicted by PSI. For horse ancestors spanning a
range in body mass from the early Miocene (ca. 20 Myrs
BP) to the present, we estimated the scaling of horse
resource clustering based on estimated reliance on graze
vs. browse from the 13C/12C carbon isotope ratios of
fossil horse teeth [42]. We assumed that a diet of 100%
graze would result in a resource ζ ≈ 1, whereas a diet of
100% browse would result in a resource ζ = 1.72, which
we calculated from distributions of browse resources in
contemporary savanna-woodland environments (see Ma-
terials and Methods and SI Appendix B).
We observe that changes in Equid body size and the
spatial clustering of dietary resources follows a gen-
eral trend towards increased population stability (in-
creased PSI) over evolutionary time. The trajectory from
smaller-bodied browsers to larger-bodied grazers follows
closely the fitness gradient estimated from PSI (Fig. 5).
This suggests that reducing population instabilities in-
duced by the joint effects of body size and uncertainties
7in acquiring adequate resources may have served as a cat-
alyst for the evolutionary trend observed among Equidae
in North America. The correlation between the evolu-
tion of larger body size and increased grazing during
the Miocene and Pliocene is well-known [50, 51] and has
been documented for many herbivore lineages on multi-
ple continents [52–54]. Once homogeneously distributed
resources such as those in grasslands became a dominant
feature in Miocene environments [55], mammalian lin-
eages evolved to capitalize on this relatively new food.
While this classic evolutionary transition has been well-
documented, the forces promoting increases in body size
and grazing are less well understood. We propose that
the vulnerabilities associated with body size and the clus-
tering of resource distributions provides an underlying
ecological mechanism for the observed trends in the fossil
record. Moreover, the positive relationship between PSI
and body size points to a potential selective mechanism
behind the evolutionary trend towards larger body size
known as Cope’s rule [56–59]. This finding compliments
recent theoretical arguments showing that the dynamics
of starvation and recovery offer a plausible mechanistic
driver of CopeâĂŹs rule [4].
Perhaps compellingly, the fitness surface that we derive
by calculating PSI also reveals that there should be in-
creased tolerance for specialization on clustered resources
among larger-bodied consumers. While the attainment of
the large-bodied grazing niche evolved quickly within the
relatively smaller Equidae, the change was much slower
for the larger-bodied Gomphotheres and Elephantids,
and did not occur at all for Deinotheres and Giraffids
[54]. Many other selective pressures that we do not ad-
dress – such as interspecific competition and predation –
undoubtedly had an enormous influence on the evolution-
ary trajectories of grazers. We suggest that the fitness
differences arising from the foraging risks arising from the
exploitation of clustered resources may have contributed
to observed macroevolutionary trends among mammals
following the advent of grasslands.
The risk landscape experienced by consumers special-
izing on different resource types largely depends on body
size. However body size also influences the risk landscape
by determining the area over which resources are for-
aged, and consequently, the spatial clustering of those re-
sources experienced by the consumer. As we have shown,
the availability and variability of resources is expected
to have a large influence on optimal life history strate-
gies and population-level stability. Explicitly incorporat-
ing variability into models of resource acquisition reveals
ecological constraints that may have played an important
role in observed evolutionary trends associated with cor-
related changes in consumer body size and resource type.
In the future, accounting for the dynamics of individual
state, combined with introducing more complex foraging
behaviors, may provide additional insight into the ecolog-
ical constraints influencing the evolutionary trajectories
of species.
Materials & Methods
Estimating ζ from resource landscape satellite image
We estimate the value of ζ for a clustered resource such as
browse by sampling the spatial distributions of trees and shrubs
from satellite images of the serengeti. Specifically, high-resolution
images from coordinates −4◦55′20.93′′, 37◦0′30.32′′ are retrieved
from Google Earth (see S.I.). Image sizes are of either 1000x1000
or 2000x2000 pixels. These images are first converted to grayscale
and the pixel intensities are transformed to binary values using a
threshold value selected to best match the tree/shrub distribution
observed visually, thus producing a matrix of presence or absence of
resource. The value of ζ is then estimated as follows. For each in-
teger x ∈ [10, 100] such that 1 x 1000, a sample (N = 104) of
boxes are chosen. The variance of total tree-pixels within each box
is calculated across this sample, and for each value of x. The slope
of log(variance) vs. log(x2) provides the value of ζ. The average
(standard deviation) of ζ across four satellite images is 1.72 (0.07).
The value of ζ for a uniform patch of grass (modeled as a uniform
density across the given area) is ζ = 1 from the central limit theo-
rem [60]. We use the two extreme values (ζ = 1 and ζ = 1.72) as
the values of ζ for all grazing and all browsing behaviors respec-
tively. Paleontological dietary compositions for horses is estimated
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value of ζ between 1 and 1.72.
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Supplementary Information
Appendix A
Here we derive formula given in Eq. 1 of the main text,
reproduced below,
〈W 〉 = `
(
1− exp (−2(µ− b)r/`σ2))
exp (−2(µ− b)s/σ2)− exp (−2(µ− b)(s+ r)/σ2) .
(4)
To derive Eq. 4, we first define the following probabilities,
1. P0 = Probability that a diffusive trajectory with
bias µ and variance σ2 reaches reproductive thresh-
old x = s + r, when starting from the initial state
x = r/`,
2. Q0 = 1 − P0 = Probability that a diffusive tra-
jectory reaches starvation threshold x = 0 when
starting from the initial state x = r/`,
3. P = Probability that a diffusive trajectory reaching
reproductive threshold after a reproductive event
(i.e., starting from a state x = s),
4. Q = Probability of starving after a reproductive
event.
s+r
x
r
r
l
l l
Figure S1: A cartoon showing the relevant probabilities P0,
Q0, P and Q.
With these probabilities, we can write the average num-
ber of offsprings and its standard deviation as follows,
〈W 〉 = 0 ·Q0 + ` · P0Q+ 2` · P0PQ+ 3` · P0P2Q+ . . .
(5)
= ` P0/Q〈
W 2
〉
= 02 ·Q0 + `2 · P0Q+ (2`)2 · P0PQ (6)
+ (3`)2 · P0P2Q+ . . .
= `2 P0(1 + P)/Q2
Using the first two moments, the variance is given by,
Var(W ) =
〈
W 2
〉− 〈W 〉2 = `2 P0(1 + P− P0)/Q2 (7)
Stdev(W ) =
√
Var(r) = `
√
P0(1 + P− P0)/Q (8)
Where,
P0 =
1− exp (−2(µ− b)r/`σ2)
1− exp (−2(µ− b)(s+ r)/σ2) (9)
Q0 = 1−P0 =
exp
(−2(µ− b)r/`σ2)− exp (−2(µ− b)(s+ r)/σ2)
1− exp (−2(µ− b)(s+ r)/σ2)
(10)
P =
1− exp (−2(µ− b)s/σ2)
1− exp (−2(µ− b)s/σ2) (11)
Q = 1−P = exp
(−2(µ− b)s/σ2)− exp (−2(µ− b)(s+ r)/σ2)
1− exp (−2(µ− b)(s+ r)/σ2)
(12)
(9)– (12) are obtained from [1]. Substituting the above
expressions in (7) and (8), we get,
〈W 〉 = `
(
1− exp (−2(µ− b)r/`σ2))
exp (−2(µ− b)s/σ2)− exp (−2(µ− b)(s+ r)/σ2) .
(13)
and,
Stdev(W ) =
`
√√√√√√√√√
(
1− exp (−2(µ− b)r/`σ2))
× (1− exp (−2(µ− b)(s+ r)/σ2)
− exp (−2(µ− b)s/σ2)
+exp
(−2(µ− b)r/σ2))
exp (−2(µ− b)s/σ2)− exp (−2(µ− b)(s+ r)/σ2) .
(14)
Appendix B
Much of our model centers on the variance scaling ex-
ponent ζ which parameterizes how the variance faced by
an individual changes as a function of population den-
sity. The daily availability of resources to an individual
consumer is assumed to be proportional to the total avail-
able biomass in the consumer’s homerange. The value of
ζ is estimated by measuring the variance in resources as
a function of its homerange area. We obtain the biomass
distribution in a landscape using a high-resolution satel-
lite images obtained from Google Earth (see fig. S2). The
value of ζ can be measured from an image using the fol-
lowing steps,
1. Convert the image to grayscale.
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2. Apply thresholding to the image to produce pixels
that are either black or white. The value of thresh-
old is chosen to match visually the tree distribution
seen in the original image.
3. Produce a matrix of zeros and ones from the black-
and-white image. We use the ImageData function
from Mathematica.
4. Choose a range of box sizes, x, such that 1 x
L where LxL pixels is the size of the image. We
use images with L = 1000 and L = 2000. We use
x ∈ [10, 100].
5. For each box size x, choose a sample N of boxes at
random from the image. We use N = 104.
6. Count the total number of resource pixels in each
box, and calculate the variance across the sample.
7. Plot log(variance) vs log(x) and measure its slope.
This will be the value of ζ for the landscape in the
image.
We conducted the following sensitivity analyses.
Changing the threshold value by 20% changes the the
measured value of ζ by less than 2% indicating that ζ
is not very sensitive to the choice of threshold. Using a
subset of 1000x1000 pixels cropped from the third and
fourth images reduces the measured ζ by roughly 10%
indicating the presence of finite-size effects.
Appendix C
There have been a variety of previous efforts centered
on understanding the spatial requirements for an indi-
vidual to obtain enough resources on average. These ef-
forts have focused on the fractal dimension of landscapes
and the spatial distribution of individuals along with the
scaling of home range area as function of body size. Pre-
vious predictions for the scaling of home range size with
body size have invoked arguments related to fractal di-
mension [2] or the rate of interaction amongst members
of the same species [3]. Both sets of arguments are funda-
mentally about the requirements for resource gathering
in order to meet metabolic needs on average, but make
different assumptions about what adjusts resource avail-
ability on a landscape.
The previous work [2] related to the average resource
intake of a forager on a fractal landscape has argued that
home range size should scale according to
H ∝Mα+η(D−F ) (15)
where α is the metabolic scaling exponent, η is the scal-
ing exponent for a typical length scale with body size
(e.g. stride length), D is the dimension of the environ-
ment occupied by a class of organisms (e.g. 2 for terres-
trial mammals and 3 for aquatic organisms),and F is the
fractal dimension of the environment. If we define the
scaling exponent between home range and body mass to
be b then we have that
F =
α
η
+D − b
η
(16)
and thus for fixed values of α, D, and η the home range
scaling is consistent with a single fractal dimension. Em-
pirically, the scaling between home range and body mass
has been found to be b = 0.83 for terrestrial mammalian
herbivores and b = 1.21 for terrestrial mammalian car-
nivores. Taking D = 2, α = 3/4, and η = 1/3 (for the
scaling of stride lengths in terrestrial mammals), then we
have that F = 17/4 − 3b and that F = 1.76 for mam-
malian herbivores and F = 0.62 for mammalian carni-
vores based on the measured home range scaling. These
results are consistent with the idea that mammals of all
body sizes experience a landscape defined by a common
fractal dimension, and suggests that a single ζ may be ap-
propriate for describing mammals of different body size
but similar trophic strategy.
[1] Redner S (2001) A guide to first-passage processes. (Cam-
bridge University Press).
[2] Haskell JP, Ritchie ME, Olff H (2002) Fractal geometry
predicts varying body size scaling relationships for mam-
mal and bird home ranges. Nature 418(6897):527.
[3] Jetz W, Carbone C, Fulford J, Brown JH (2004) The scal-
ing of animal space use. Science 306(5694):266–268.
12
Figure S2: (Top) satellite images of a Savannah landscape. (Middle) The images after gray-scaling and thresholding the pixel
intensities reveal tree-locationn as black pixels and grass/dirt as white pixels. The value of threshold is (150/256) for first three
images and 100/256 for the rightmost image (Bottom) Plots showing the scaling of variance of resources with the area. The
two images to the left have a resolution of 1000x1000 pixels, and the two images to the right have a resolutionn of 2000x2000
pixels.
